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1  Introduction

For decades, the compiler has stood as a cornerstone of the 
computing stack, undertaking the critical and complex task 
of translating human-readable source code into efficient 
machine-executable programs. A primary challenge in this 
process is optimization, a domain traditionally governed by 
intricate, handcrafted heuristics designed by human experts 
to navigate a vast and complex decision space. The advent 
of machine learning (Krizhevsky et al. 2012; He et al. 2016) 
introduced a new paradigm, employing data-driven models 
for tasks like phase-ordering and flag selection (Wang and 
O’Boyle 2018). However, these traditional machine learn-
ing approaches often rely on an intensive process of feature 
engineering, where experts must meticulously design and 
extract program features to train a model, leaving the core 
components of compiler design largely unchanged.

The recent emergence of Large Language Models (LLMs) 
represents a fundamental shift in this landscape. Pre-trained 
on vast corpora of text and code, LLMs have demonstrated 
a remarkable capacity to understand, generate, and trans-
form programming languages as raw text, largely eliminat-
ing the need for explicit feature engineering. By training 
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Abstract
This survey has provided a systematic overview of the emerging field of LLM-enabled compilation by addressing sev-
eral key research questions. We first answered how LLMs are being integrated by proposing a comprehensive, multi-
dimensional taxonomy that categorizes works based on their Design Philosophy (Selector, Translator, Generator), LLM 
Methodology, their operational Level of Code Abstraction, and the specific Task Type they address. In answering what 
advancements these approaches offer, we identified three primary benefits: the democratization of compiler development, 
the discovery of novel optimization strategies, and the broadening of the compiler’s traditional scope. Finally, in address-
ing the field’s challenges and opportunities, we highlighted the critical hurdles of ensuring correctness and achieving 
scalability, while identifying the development of hybrid systems as the most promising path forward. By providing these 
answers, this survey serves as a foundational roadmap for researchers and practitioners, charting the course for a new 
generation of LLM-powered, intelligent, adaptive and synergistic compilation tools.
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on codebases orders of magnitude larger than any human 
could study, LLMs internalize a deep understanding of pro-
gramming patterns, syntax, and semantics across numerous 
languages. These capabilities have been rapidly integrated 
into the software development workflow through LLM-
driven chatbots  (OpenAI 2024; Gemini Team and Google 
2023; Anthropic 2024), code assistants (Chen et al. 2021b; 
Tabnine 2022), and semi-automated agents  (Anysphere, 
Inc. 2023; Google-gemini 2025; anthropics 2025), boosting 
developer efficacy at every stage. This wave of innovation 
has, in turn, catalyzed new research within the broader com-
piler domain. The scope of tasks has expanded from narrow 
problems like pass selection to ambitious, end-to-end objec-
tives like code transpilation and automated program repair. 
Consequently, the compiler’s role is being reimagined from 
a static tool to a dynamic, interactive partner in software 
development.

This rapid evolution has led to a surge of new research 
across a wide spectrum of compiler-related tasks. Research-
ers are now applying LLMs to ambitious goals, including 
source-to-source Code Transpilation to migrate code across 
different languages  (Roziere et  al. 2020; Jana et  al. 2024; 
Zhang et  al. 2025; Ibrahimzada et  al. 2025) and architec-
tures (Wen et al. 2022; TehraniJamsaz et al. 2024; Palkowski 
and Gruzewski 2024; Dong et  al. 2025), high-level Code 
Optimization (Gao et al. 2025; Peng et al. 2025; Purschke 
et al. 2025; Xu et al. 2025; Lin et al. 2025) to surpass tra-
ditional heuristics, low-level IR Optimization (Deng et al. 
2024; Cummins et  al. 2025; Cui et  al. 2025) to fine-tune 
performance and code size, and even the notoriously dif-
ficult problem of using LLMs to act as compilers (Gao et al. 
2024; Zhang et al. 2024; Zhong et al. 2025) or decompil-
ers (Xu et al. 2023; Armengol-Estape et al. 2024; Tan et al. 
2024; Hu et al. 2024; Wong et al. 2025). While promising, 
the sheer volume and diversity of these studies can hinder 
a clear understanding of the current landscape. To address 
this gap, this paper provides a systematic review of recent 
advancements in LLM-enabled compiler research. We offer 
a comprehensive multi-dimensional taxonomy of the state-
of-the-art and a clear analysis of its core advancements and 
challenges, establishing a roadmap for this exciting direc-
tion in compiler research.

This paper makes the following primary contributions:

	● We conduct a systematic literature review, identifying 
and curating a corpus of 159 primary studies that rep-
resent the state-of-the-art in LLM-enabled compilation.

	● We propose a novel, multi-dimensional taxonomy to 
structure the field. This taxonomy classifies existing 
work based on the LLM’s Design Philosophy (Selec-
tor, Translator, Generator), the LLM Methodology, its 

operational Level of Code Abstraction, and the specific 
Task Type it addresses.

	● We provide a comprehensive analysis of the primary 
advancements offered by LLM-based approaches, high-
lighting their role in democratizing compiler develop-
ment, discovering novel optimizations, and broadening 
the scope of compilation.

	● We synthesize the common challenges facing the field–
including correctness, scalability, and interpretability–
and discuss promising future research directions, such 
as the development of hybrid systems and self-improv-
ing compilers.

The remainder of this paper is organized as follows. Sec-
tion 2 details the research questions we target to answer and 
our systematic methodology for literature selection.  Sec-
tion 3, 4 present our multi-dimensional taxonomy in detail, 
categorizing the existing work.   Section  5 systematically 
presents representative datasets and benchmarks in this 
field, and associated state-of-the-art advancements.   Sec-
tion 6 provides an in-depth discussion of the field’s advance-
ments, challenges, and future opportunities. Finally, Sect. 7 
concludes the paper.

2  Methodology

This section details the systematic methodology we 
employed to survey the landscape of LLM-enabled com-
piler researches. A rigorous and transparent protocol is 
essential for ensuring that our review is both comprehensive 
and reproducible. To that end, we first present the research 
questions that steered our investigation in Sect. 2.1. Follow-
ing that, we describe the structured, three-phase literature 
search and selection protocol used to assemble the final cor-
pus of primary studies for our analysis in Sect. 2.2.

In this section, we introduce the detailed steps of con-
ducting a literature review. To ensure a comprehensive 
and unbiased review of the field, we adopted a systematic 
literature review (SLR) protocol following standard prac-
tice  (Kitchenham et  al. 2007). This protocol defines the 
research questions that guide our survey, the search process 
for identifying relevant studies, and the criteria for includ-
ing or excluding papers.

2.1  Research questions (RQs)

To guide our literature review and provide a clear struc-
ture for our analysis, we formulated the following four key 
research questions regarding the application of LLMs in the 
compiler domain:
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	● RQ1: How are LLMs being integrated into the com-
pilation process? We explore this question from two 
complementary perspectives: first, the Design Philoso-
phy, which defines the LLM’s architectural role within 
the system (task side); and second, the LLM Methodol-
ogy, which details how the model is technically devel-
oped and applied to that task (LLM side).

	● RQ2: What are the primary compiler-related tasks 
addressed by LLMs? This question aims to identify 
and categorize the specific compiler-related tasks, such 
as code optimization, transpilation, and code generation, 
that are being targeted by recent research.

	● RQ3: What are the primary advancements offered 
by LLM-based approaches? This question focuses on 
summarizing the novel contributions and breakthroughs 
that these techniques bring to both the compiler and ma-
chine learning communities.

	● RQ4: What are the common challenges and future 
opportunities in this emerging field? This question 
seeks to synthesize the key obstacles reported in the 
literature and identify promising directions for future 
work Fig. 1.

2.2  Literature search and selection protocol

To systematically answer the research questions defined 
above, we designed and executed a comprehensive litera-
ture search and selection protocol. This process was orga-
nized into three distinct phases, which progressively filtered 
a large pool of initial candidates down to a focused and rel-
evant corpus of 159 papers. 

1.	 Phase 1: Initial search and candidate collection: The 
first phase involved an extensive search for candidate 
papers across four major digital libraries: arXiv, Google 
Scholar, the ACM Digital Library, and IEEE Xplore. 

We utilized a broad set of search queries, including key-
words such as “LLM compiler”, “large language model 
for code optimization”, “AI in compilers”, “transformer 
for compilation”, and “LLM for code generation”. To 
complement this automated search, we also manually 
included several seminal papers identified by domain 
experts. We then applied a snowballing technique, 
examining the forward citation chain of these core 
papers to ensure comprehensive coverage and include 
other closely related studies who cited them.

2.	 Phase 2: Deduplication and initial screening: In the 
second phase, the initial pool of papers was processed 
to remove duplicates. Subsequently, we performed a 
preliminary screening of the remaining articles. This 
step involved reviewing titles and abstracts to filter out 
studies that were clearly outside the scope of our survey, 
such as those not related to compilers or not utilizing 
LLMs.

3.	 Phase 3: Full-text review and final selection: The 
final phase consisted of a full-text review of each 
paper that passed the initial screening. This in-depth 
analysis allowed us to determine a study’s final eligi-
bility based on a strict set of inclusion and exclusion 
criteria.Inclusion criteria:

	● The study must primarily focus on using a Large Lan-
guage Model (specifically a Transformer-based model) 
for a task related to compilation or code optimization.

	● The study must be a peer-reviewed conference paper, 
journal article, or a significant, relavant pre-print man-
uscript (to include the latest advancements often pub-
lished on arXiv).

	● The full text of the study must be publicly avail-
able through digital libraries or websites for open 
access.Exclusion criteria:

Fig. 1  Literature search and selec-
tion protocol overview
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either high-level source code and low-level Intermediate 
Representation (IR).

Equally important is Code transpilation, which we 
define broadly as the translation between different program 
representations. This includes narrowly-defined compila-
tion (e.g., programming language to assembly), decompila-
tion, source-to-source transpilation, and binary translation. 
This category also covers unique tasks like translating pro-
gramming languages into hardware description languages 
(HDLs) or even into neural network weights.

It is important to note that these task categories are not 
always mutually exclusive; in fact, they often overlap. A 
prominent example is the translation of C code to CUDA, 
which can be viewed simultaneously as a Code Transpila-
tion task for language migration and a Code Optimization 
task aimed at unlocking parallel performance on specific 
hardware.

Beyond these core functions, a significant portion of our 
survey is dedicated to tasks related to correctness and veri-
fication. This focus is directly motivated by a fundamental 
characteristic of LLMs: they are powerful, but not perfectly 
reliable, generative models. Unlike traditional deterministic 
compilers, any workflow that uses an LLM as a direct oper-
ator to modify code necessitates a corresponding validation 
process to ensure the correctness of its output.

Consequently, we include a comprehensive review of 
Automated Program Repair and Bug Fixes, where LLMs 
are employed to correct defects. Furthermore, we cover 
Program Synthesis and Code Generation with a special 
emphasis on tasks that bolster this verification ecosystem 
related to compilers, such as generating effective test cases 
for compiler fuzzing or aiding in the development of the 
compiler’s own source code.

The 159 primary studies within our scope are highly 
diverse. To bring structure to this landscape, we propose a 
multi-dimensional taxonomy that classifies research along 
four key axes:

	● Design philosophy, which describes how the LLM is 
architecturally integrated into the compilation workflow.

	● LLM methodology, which details how the model is 
technically developed and applied to that task.

	● Level of code abstraction, which characterizes the 
representational level of the code being processed (e.g., 
source code, IR).

	● Task type, which defines the specific compiler-re-
lated goal being accomplished (e.g., optimization, 
transpilation).

To provide a clear analysis, we group these four dimen-
sions based on the research questions they answer.  Sect. 3 
will analyze the first two dimensions, Design Philosophy 

	● Studies that use traditional machine learning (e.g., 
SVM, Decision Trees) without language models (LMs).

	● Articles that are not technical research papers, such as 
editorials, keynotes, tutorials, posters or extended ab-
stracts with insufficient detail.

	● Studies where the core application of the model was not 
related to the interest of broader compilation domain.

Through this rigorous three-phase process, we curated a 
final collection of 159 primary studies. This curated corpus 
forms the foundation for the systematic review, categoriza-
tion, and analysis presented in the subsequent sections of 
this paper.

2.3  Scope of the taxonomy

Before presenting our detailed taxonomy, it is essential to 
define the scope of this survey. The term “LLM-enabled 
compiler” encompasses a wide range of emerging research. 
For the purpose of this review, we define our scope to 
include any study that utilizes a large, pre-trained, Trans-
former-based language model to perform or augment a task 
traditionally associated with the compilation workflow or 
the broader code development and optimization lifecycle.

This definition deliberately draws a distinction between 
the new paradigm of LLM-based approaches and prior 
work. Specifically, our survey excludes:

	● Traditional ML techniques: Studies that rely on clas-
sic machine learning models (e.g., Support Vector Ma-
chines, Decision Trees, Random Forests) that require 
extensive, handcrafted feature engineering from source 
code (such as code quality metrics) and have been well-
studied and surveyed.

	● Purely NLP-based SE tasks: Studies that apply language 
models to software engineering artifacts without direct-
ly analyzing, transforming, or generating code are not 
included. For example, the classification of bug reports 
or the summarization of developer comments, while re-
lated, fall outside our compiler-centric focus.

By establishing this scope, we aim to provide a focused 
and coherent review of the state-of-the-art in the specific, 
transformative paradigm of applying large language mod-
els to the science and engineering of compilation. The core 
function of any compiler is fundamentally rooted in two 
processes: translation and optimization. Con-
sequently, these two areas form the primary focus of our 
survey. We include a significant body of work on Code 
optimization, where LLMs are used to rewrite programs 
to improve performance or reduce code size, operating at 
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reinforcement learning). We will analyze these methodolo-
gies and their trade-offs in detail in  Sect. 3.4.

3.1  LLM as selector

In this design, the LLM functions as a sophisticated pol-
icy engine or a “hyper-optimizer”. As depicted in   Fig. 2, 
its primary role is not to generate new code, but to select 
the best course of action from a predefined and finite set of 
options or operations provided by the compilation system. 
The LLM is prompted with the source code context and a set 
of valid choices, and it uses its deep contextual understand-
ing to make an informed decision. The compilation system 
itself then performs the corresponding transformation based 
on the LLM’s selection.

This approach is the most direct evolution from tradi-
tional ML-in-compiler techniques, with the key difference 
being the replacement of models trained on handcrafted fea-
tures with a powerful LLM that can reason directly over raw 
source code (can be finetuned as well). Common applica-
tions include selecting optimal compiler flags or determin-
ing the most effective sequence of optimization passes for 
a given program. The main advantage of this model is its 
inherent safety and control; since the LLM only chooses 
from a list of valid, human-defined actions, the resulting 
transformation is guaranteed to be valid if a valid selection 
is generated by LLM. However, its creative potential is lim-
ited by this predefined search space, and it cannot discover 
entirely novel optimizations that are not already encoded in 
the available options.

The works in this category can be broadly grouped based 
on their primary goal and methodology:

Replacing or augmenting compiler heuristics: This is the 
most common application, where the goal is to find better 
compiler flag or pass sequences than the default heuristics 
(e.g., –O2, –O3). This area has a long history, with ear-
lier works using techniques like NeuroEvolution  (Heckel 
2023) and  Mammadli et  al. (2020) to tune compiler 

(the “task side”) and LLM Methodology (the “LLM side”), 
to comprehensively answer RQ1: How are LLMs inte-
grated?. Subsequently, Sect.  4 will analyze the final two 
dimensions, Level of Code Abstraction and Task Type. We 
observe that these two are highly correlated (e.g., source-to-
source transpilation operates at a different abstraction level 
than IR optimization). We therefore analyze them together 
to provide a cohesive overview and answer RQ2: What 
tasks are addressed?.

3  Dimension 1&2: design philosophy & LLM 
methodology

This section addresses our first research question—How are 
LLMs being integrated into the compilation process?—by 
analyzing two complementary dimensions: Design Phi-
losophy and LLM Methodology. The former describes the 
LLM’s architectural role, while the latter details the techni-
cal methods used to apply the model to that role.

The first dimension, Design Philosophy, classifies 
approaches based on the conceptual role the LLM plays 
within the broader compilation system. This choice is a crit-
ical architectural decision, as it fundamentally determines 
how the LLM’s capabilities are leveraged and constrained. It 
significantly influences the system’s degree of autonomy, its 
trustworthiness, and the complexity of verifying its outputs. 
As we will detail, we identify three dominant philosophies: 
LLM as selector (Sect. 3.1), LLM as translator (Sect. 3.2), 
and LLM as generator (Sect. 3.3).

Complementing this “task-side” view, the second dimen-
sion, LLM Methodology, examines the “LLM-side” of the 
integration. This dimension addresses the technical meth-
ods used to make an LLM capable of its designated task. 
These methods exist on a spectrum, from “training-free” 
approaches (e.g., in-context learning, prompt engineering, 
Retrieval Augmented Generation) to “training-required” 
adaptations (e.g., fine-tuning, domain-specific pre-training, 

Fig. 2  Overview of LLM-as-selec-
tor methodology
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treats code transformation as a generative, sequence-to-
sequence task, leveraging the full power of the LLM to 
rewrite the input program into a new version.

Figure 3 describes an ideal LLM translator system. First 
of all, the translator must scale to enough code input to be 
used in real scenarios. Thanks to programming language’s 
composibility nature, a large project-level can be decom-
posited into multiple function-level code snippets, or even 
some finer-granularity like basicblocks or statements, with 
proper context management to make sure the decomposited 
translation results can be combined again. Later, each code 
fragment is prompted to LLM to perform code translation, 
during this stage, multiple techniques could be applied to 
improve translation quality, for example, Chain-of-Thought 
prompting  (Wei et  al. 2022), which decomposites a large 
translation task into several sequential subtasks to reduce 
translation complexity. Few-shot examples or retrieval 
augmented generation (RAG)  (Lewis et  al. 2020) can 
improve LLM’s hallucination by providing necessary infor-
mation needed for the translation, while output format of 
LLM (Macedo et al. 2024) can also impact LLM’s genera-
tion quality. During the translation, LLM can also generates 
other useful code, such as test code (if no golden test is pro-
vided), and assertions/preconditions needed in verification.

After LLM translation, a post verification is needed to 
verify some quality-important attributes, for example, check 
if the code can compile is the most trivial attribute, as for 
more specific attributes, such as memory safety check, 
overflow check and for-loop index check, requiring sophis-
ticated verification methods like SMT solver  (De  Moura 
and Bjørner 2008) or transform validator like alive2 (Lopes 
et al. 2021). Translation fails to pass verification will need 
to be repaired through an automated program repair process 
using compiler, runtime or behavioral feedbacks.

This is the dominant approach for a variety of source-to-
source tasks, which can be categorized as follows:

	● Language transpilation: This involves translating code 
from one high-level language to another. Examples in 
the literature are diverse, including:

heuristics,  Tavarageri et  al. (2021) using DNNs to opti-
mize polyhedral loop generation strategy or graph-based 
algorithms (Sajjadinasab et al. 2024) to optimize GCC flag 
settings. Modern approaches now use LLMs to apply this 
same principle to more complex, domain-specific areas 
like selecting optimization strategies for efficient model 
serving  (Tang et  al. 2025), optimizing quantum compila-
tion  (Ren et  al. 2024), or guiding the generation of high-
performance tensor programs (Zhai et al. 2024).

Improving the efficiency of the search process: Rather 
than just selecting the final configuration, several works 
use the LLM to make the search for good configurations 
more intelligent and efficient. For example, Compil-
erDream (Deng et  al. 2024) uses an LLM to help build a 
“world model” of the optimization space, which then guides 
a more effective search. Others use an LLM for priority 
sampling  (Grubisic et  al. 2024) to decide which compiler 
options are most promising to test, or to enhance black-box 
fuzzing  (Wang et al. 2024) by intelligently mutating flags 
based on feedback from previous compilation attempts.

Agentic and reinforcement learning (RL) frameworks: 
The most advanced selector systems employ LLMs as the 
core of an autonomous agent that can interact with the com-
pilation environment. These agents can perform a series of 
selections to achieve a goal. Several works use RL for com-
piler auto-tuning, such as Compiler-R1  (Pan et  al. 2025), 
an agentic framework for exploring the option space, and 
DeCOS (Cui et al. 2025), which uses an LLM to “ignite” 
the RL process for more data-efficient learning. Taking 
this a step further, CompileAgent  (Hu et  al. 2025) dem-
onstrates a high-level agent that selects and orchestrates a 
series of command-line tools (git, make, etc.) to automate 
the complex task of compiling entire real-world software 
repositories.

3.2  LLM as translator

Using LLM as translator is the most direct and ambitious 
application, where the LLM itself acts as a partial or com-
plete translator. It directly performs one or more transforma-
tions, such as translation, optimization, or refactoring, on a 
given scope of a program or code snippet. This philosophy 

Fig. 3  Overview of LLM-as-trans-
lator methodology
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3.3  LLM as generator

This is a more indirect, meta-level approach where the 
LLM’s role is to generate the source code of a program 
that, in turn, performs the desired code transformation. As 
depicted in Fig. 4, the workflow is typically a two-step pro-
cess: first, the LLM writes a script or program that imple-
ments the transformation logic, which can be seen as a 
compiler development process if applied to a compiler sys-
tem development; second, this generated program is com-
piled and executed to apply the changes to the target code, 
which can also be seen as a compiler testing process.

Currently, this design philosophy is most popularly real-
ized in the form of AI-powered code assistants and agents, 
which generate functional code snippets, scripts, or entire 
applications based on natural language prompts. Prominent 
examples include tools like GitHub Copilot  (Chen et  al. 
2021b), Cursor  (Anysphere, Inc. 2023), and command-
line interfaces applications like gemini-cli  (google-gemini 
2025) and claude-code (anthropics 2025).

The same principle can be extended to the compiler 
domain, where an LLM could theoretically generate new 
optimization passes or other compiler components. How-
ever, due to the immense complexity and the need for 
deep, specialized knowledge of compiler internals, data 
structures, and APIs, applying this approach effectively 
is a significant challenge. As a result, well-designed stud-
ies that successfully employ the LLM-as-generator para-
digm for core compiler tasks are still scarce. Nonetheless, 
some pioneering works have begun to explore this frontier. 
For example, VEGA  (Zhong et  al. 2025) demonstrates a 
method for automatically generating compiler backends 
by using a pre-trained transformer model, while Com-
Back (Zhong et al. 2024) provides a versatile dataset spe-
cifically designed to facilitate research on generating and 
enhancing compiler backend code. On the source code side, 

	● Translating from a high-resource language like Java 
to a low-resource one such as OCaml (Cassano et al. 
2024).

	● Converting sequential C into parallel CUDA to 
leverage GPU architectures (Wen et al. 2022; Tehra-
niJamsaz et al. 2024).

	● Migrating between different parallel paradigms, 
such as from SIMT-parallel CUDA to SIMD-paral-
lel BANG C (Dong et al. 2025).

	● Code optimization: This focuses on rewriting specific 
code segments to improve performance or other non-
functional properties. A common example is automati-
cally rewriting for-loop pragmas to achieve better 
performance on a given target hardware  (Taneja et  al. 
2025).

	● Automated program repair: In this context, bug fixing is 
treated as a translation problem. The goal is to leverage 
the LLM to translate a flawed program into a semanti-
cally correct version (Wei et al. 2023; Xia et al. 2023).

The key advantage of this methodology is its immense 
potential to learn and generate complex, non-trivial trans-
formations that may surpass human-designed rule-based 
translators. However, the primary disadvantage is the sig-
nificant challenge of ensuring correctness. The probabilistic 
nature of LLMs means they can “hallucinate” and produce 
code that is syntactically correct but semantically flawed, 
making rigorous verification a critical and difficult compo-
nent of this approach.

Notably, we only list some remarkable studies in this 
category and will detail the rest in  Sect. 4, as the level of 
code abstraction can help categorize the major studies of 
this survey better.

Fig. 4  Overview of LLM-as-gener-
ator methodology
 

1 3



S. Zhang et al.

scratch or undergoes continued pre-training on a mas-
sive, domain-specific corpus. This is essential for tasks 
operating on representations unseen by general models. 
For example, Meta LLMCompiler  (Cummins et  al. 
2025) created foundation models pre-trained specifi-
cally on LLVM IR, while Zhai et al. (2024) trained their 
TLM model on a large corpus of TVM’s search space to 
act as a selector. The TransCoder series (Roziere et al. 
2020; Anne Lachaux et  al. 2021; Roziere et  al. 2022; 
Szafraniec et al. 2023) also rely on this to learn cross-
lingual representations before tackling translation.

	● Supervised fine-tuning (SFT): This is the most common 
adaptation methodology. It takes a general-purpose, 
pre-trained foundation model (e.g., CodeLlama, GPT) 
and fine-tunes it on a curated dataset of “input–out-
put” examples for a specific task. This adaptation can 
be performed using full finetuning or, more commonly, 
through parameter-efficient finetuning (PEFT) tech-
niques like LoRA. This approach has proven highly ef-
fective across various tasks, such as fine-tuning models 
for C-to-x86 neural compilation  (Zhang et  al. 2024), 
Verilog generation (Thakur et al. 2024), and source-lev-
el optimization (Xu et al. 2025). VirtualCompiler (Gao 
et al. 2024) also leverages SFT to translate source code 
to assembly by matching semantics. The CUDA-L1 
study (Li et al. 2025) also begins with SFT to teach the 
model the basics of CUDA optimization.

	● Reinforcement learning (RL) & Feedback-based tun-
ing: When a task has a clear, non-differentiable metric 
for success (e.g., performance speedup, code size re-
duction, or passing a test suite), RL or other feedback 
mechanisms can be used to optimize the model directly 
for that objective. This is often applied after SFT. For 
instance, PerfRL  (Duan et  al. 2025) uses RL with 
metric feedback for code optimization. Similarly, Ver-
ilogLLM  (Wang et al. 2025) uses feedback from test-
benches, CoTran (Jana et al. 2024) uses compiler and 
symbolic execution feedback, and CUDA-L1 (Li et al. 
2025) employs GRPO (Shao et al. 2024) to surpass its 
initial SFT performance. DeCOS (Cui et al. 2025) also 
uses an LLM to “ignite” an RL process for data-efficient 
learning.

3.4.2  Training-free: guiding model inference

These methods leverage a powerful, general-purpose foun-
dation model’s existing capabilities without altering its 
weights. The focus shifts from data curation and training to 
designing sophisticated inference-time systems that provide 
the model with the necessary context and guidance.

CodeTransform  (Cummins et  al. 2024) also preliminar-
ily explores the code rewriting potential, in a word: Don’t 
Transform the Code, Code the Transforms.

This hybrid approach combines the pattern-recognition 
strength of LLMs with the rigor of a traditional, determinis-
tic program. The main advantage is that the generated arti-
fact–the transformation script–can be inspected, verified, 
and reused, offering a higher degree of trust than a direct 
generative model. The primary challenges are the increased 
complexity of the workflow and the requirement for the 
LLM to possess a sophisticated understanding of the spe-
cific compiler APIs and frameworks it needs to use in the 
code it generates.

In summary, the design philosophy dictates the funda-
mental architecture of an LLM-enabled compiler. The three 
paradigms discussed–Selector, Translator, and Genera-
tor–represent a spectrum of integration strategies, each 
presenting a distinct trade-off between control and creative 
potential. The Selector model offers the highest degree of 
safety by operating within a predefined action space, while 
the Translator model unleashes the full generative power of 
LLMs to discover novel transformations, albeit with sig-
nificant verification challenges. The Generator provides a 
hybrid approach, balancing generative flexibility with the 
determinism of traditional code system.

3.4  LLM methodology

Complementing the architectural Design Philosophy, 
LLM Methodology details the technical methods used to 
make a model capable of its designated task. This dimen-
sion provides a crucial comparative analysis of how LLMs 
are technically employed, distinguishing the “LLM-side” 
development from the “task-side” role. These methods can 
be broadly categorized into two main methodologies: Train-
ing-Required approach that adapt the model’s weights, and 
Training-Free approach that guide a pre-trained model’s 
inference process. The choice between them involves a 
fundamental trade-off between the cost of data curation and 
training versus the complexity of prompt engineering and 
inference-time systems.

3.4.1  Training-required: adapting model weights

These methods modify the LLM’s parameters to instill 
domain-specific knowledge and specialize its behavior. This 
is often necessary when the task is highly specialized or 
when the target representation (like compiler IR) is scarce 
in the model’s original pre-training data.

	● Domain-specific pre-training: This is the most resource-
intensive approach, where a model is trained from 
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search, which can be seen as a form of guided, iterative 
generation.

3.4.3  Methodology comparison

The choice between Training-Required and Training-Free 
methodologies presents a fundamental design trade-off, 
which we summarize qualitatively in Table 1.

Training-Required methods focus on adapting model 
parameters (weights), which incurs significant upfront 
cost in data curation and training computation. However, 
this internalizes domain knowledge, leading to high per-
formance on specialized or narrow tasks (e.g., Meta LLM-
Compiler (Cummins et al. 2025) is specialized on LLVM IR 
code size optimization). The trade-off is low flexibility, as 
the resulting model is “locked-in” to its specific trained task.

Conversely, Training-Free methods guide a fixed mod-
el’s inference process. This shifts the cost to prompt engi-
neering and inference-time resources. These approaches 
offer high flexibility, as prompts and tools can be quickly 
adapted. Their performance is more generalized and highly 
dependent on the base model’s capabilities, with knowledge 
externalized and injected at runtime via context (e.g., Xu 
et al. (2024), Gao et al. (2025), Hu et al. (2025)).

In practice, these methodologies are not mutually exclu-
sive. A common pattern is to use a Training-Required 
method (like SFT) to create a specialized model, which is 
then deployed within a Training-Free methodology (like an 
agentic workflow with RAG). This combination leverages 
the model’s specialized knowledge while simultaneously 
grounding its output with real-time context and verification.

Finally, combining the analyzed two dimensions, we can 
now provide a comprehensive answer to our first research 
question (RQ1), as summarized below.

	● Prompt engineering: This involves crafting a detailed 
prompt that instructs the model (zero-shot) or provides 
it with a few in-context examples (few-shot learning) 
of the task. For more complex reasoning tasks, this is 
often extended to multi-step prompting strategies like 
Chain-of-Thought (CoT). For example, LEGOCom-
piler (Zhang et al. 2025) employs both few-shot learn-
ing and CoT-prompting to perform neural compilation, 
CodeOptCoT (Xu et al. 2024) and SBLLM (Gao et al. 
2025) both explicitly leverage CoT to improve code 
optimization by forcing the model to “think step-by-
step.” Similarly, RTLLM (Lu et al. 2024) uses a “self-
planning” prompting strategy, and BuiltRome (Nakkab 
et al. 2024) also finds that hierarchical prompt structur-
ing is critical for LLM-based hardware design.

	● Retrieval-augmented generation (RAG): To combat 
hallucinations and provide the model with specialized 
knowledge it may not have been trained on (e.g., ob-
scure APIs, project-specific context, or optimization 
rules), a RAG system could be used. This system first 
retrieves relevant documents from an external knowl-
edge base and adds them to the model’s context. This 
is used by Autoiot  (Shen et  al. 2025) for background 
knowledge, CoCoGen (Bi et al. 2024) for project-level 
context retrieval, and SBLLM (Gao et al. 2025) for re-
trieving optimization knowledge.

	● Agentic and iterative workflows: This advanced meth-
odology treats the LLM as a reasoning engine within 
a larger loop. The “agent” can plan, use external tools 
(like compilers, verifiers, or SMT solvers), and itera-
tively refine its output based on feedback from these 
tools. This approach is central to systems like Compil-
er-R1  (Pan et al. 2025) and CompileAgent  (Hu et al. 
2025). It is also the core principle behind iterative re-
pair loops, such as those in DecLLM (Wong et al. 2025) 
and ProblemOriented (Ye et al. 2024), and multi-agent 
frameworks like WhiteFox (Yang et al. 2024). Qimeng-
Xpiler  (Dong et  al. 2025) also uses an MCTS-based 

Table 1  Qualitative comparison of LLM methodologies
Aspect Training-required Training-free
Core principle Adapt parameters Guide inference
Primary cost Data curation

Training computation
Prompting effort
Inference w/ extra context

Performance High (Specialized) Varies (Generalized)
Flexibility Low (Task-Locked) High (Adaptable)
Knowledge source Internal (Weights) External (Context)
Typical examples • Domain Pre-training

LLMCompiler (Cummins et al. 2025)
• Prompt Engineering
LEGOCompiler (Zhang et al. 2025)

• Supervised Fine-Tuning
VirtualCompiler (Gao et al. 2024)

• Retrieval augmented generation
CoCoGen (Bi et al. 2024)

• Reinforcement Learning
CUDA-L1 (Li et al. 2025)

• Agentic Workflows
Compiler-R1 (Pan et al. 2025)
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	● Low-Level Intermediate Representation and Assembly 
(ASM), the machine-centric representations used by the 
compiler backend and executed by computers.

The choice of abstraction level fundamentally dictates the 
nature of the tasks that can be performed, which in turn 
forms the third dimension of our taxonomy. In this section, 
we first detail the tasks that operate within a single level 
of abstraction (intra-level transformations) and then discuss 
the more complex tasks that bridge these different levels 
(cross-level transformations).

4.1  Intra-level transformations

Intra-level transformations are those where the input and 
output of the process remain at the same level of abstraction. 
These tasks typically focus on refinement, optimization, or 
migration within a given representation.

	● High-level programming language (PL) transforma-
tions: This is currently the most active area of research, 
focusing on source-to-source transformations, a joint 
hotspot for both software engineering, programming 
language and LLM communities. LLMs are applied to a 
wide array of PLs, from general-purpose languages like 
C/C++, Java, and Python to specialized, domain-specif-
ic languages for parallel computing such as CUDA, Tri-
ton (Tillet et al. 2019), and CuTe (NVIDIA Corporation 
2025). Key tasks at this level include:

	● Transpilation: Translating between different PLs, a 
task crucial for migrating legacy codebases or con-
verting programs between different programming 
ecosystems.

	● Code repair: A major goal of production code design 
is maintainability. Therefore, LLM-generated code 
should be tested more or less, and automated test-
generation, or fuzzing test is an important direction. 

4  Dimension 3&4: level of code abstraction 
& task type

This section details the third and fourth dimensions of our 
taxonomy: the Level of Code Abstraction and the specific 
Task Type. We analyze these two axes together as they are 
deeply intertwined; the level of program representation 
fundamentally dictates the nature of the tasks that can be 
performed. As illustrated in Fig. 5, we categorize these rep-
resentations into three primary strata:

	● Natural Language (NL), the highest level of human 
intent;

	● High-Level Programming Language (PL), the source 
code developers write;

Fig. 5  Code level view of LLM 
compiler
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different transpilation errors to improve the code transpila-
tion accuracy. OutputFormat  (Macedo et al. 2024) studies 
the impact of LLM output format in code translation tasks. 
LostInTranslation (Pan et al. 2024) empirically summarizes 
bugs introduced by LLM transpilation into detailed catego-
ries across multiple programming languages. SALLM (Sid-
diq et  al. 2024) benchmarks the capabilities of LLMs to 
generate secure Python code by examining the Common 
Weakness Enumeration (CWE)-related test generation.

Besides using LLMs directly, earlier work focuses on a 
data-centric problem: how to obtain parallel code corpora 
to train a model?  To solve this, TransCoder-series (Roziere 
et al. 2020; Anne Lachaux et al. 2021; Roziere et al. 2022; 
Szafraniec et  al. 2023) have established how to learn a 
transpiler language model unsupervisedly: (1) using mask 
language modeling (MLM) to learn cross-lingual languages 
first, (2) using back translation (BT) to learn the transla-
tion rules later. Other techniques like deonising autoencod-
ing  (Roziere et  al. 2020), deobfuscation  (Anne Lachaux 
et  al. 2021), unittest filtering  (Roziere et  al. 2022) and 
utilizing compiler representations  (Szafraniec et  al. 2023) 
gradually improve the learned transpiler’s capability. These 
studies are typically between general programming lan-
guages like C++, Java and Python.

Besides transpiling between general programming 
languages, BabelTower  (Wen et  al. 2022) proposes an 
improved TransCoder-based approach to unsupervisedly 
learn a transpiler between C++ and CUDA with new paral-
lel metrics. CodeRosseta  (TehraniJamsaz et  al. 2024) fur-
ther improves BabelTower with AST Entity Recognition 
and customized deonising auto-encoding. Now these learn-
ing-based methods are more used as dataset generator for 
more powerful LLM training. Besides the learning-based 
approaches, HPCTrans (Lv et al. 2025) modifies the AI com-
piler TVM (Chen et al. 2018) to auto-generate semantically 
equivalent CUDA and C code without TVM dependency, 
thereby creating rich CUDA-to-CPU transpilation corpora.

CanLLMParallel (Nichols et al. 2024) studies the auto-
parallel capability within LLMs by using LLM to translate 
sequential C++ code into parallel code like MPI, OpenMP 
and CUDA.

CoTran (Jana et al. 2024) proposes a RL-based feedback 
mechanism using compiler feedback and symbolic execu-
tion to improve both compilation accuracy and functional 
accuracy in Python-to-Java translation.

AlphaTrans (Ibrahimzada et al. 2025) proposes a LLM-
based project-level transpiler within GraalVM to support 
partial transpilation verification, they also implement a 
divide-and-conquer strategy to decomposite both source 
code and test to achieve scalable Java-to-Python transpila-
tion. Oxidizer  (Zhang et  al. 2025) also presents a LLM-
based Go-to-Rust transpiler for entire projects, where a 

Besides, the flawed code should be automated 
repaired with minimal human intervention.

	● Source optimization: Rewriting PL code to improve 
its quality, readability, or performance without 
changing the language.

	● Low-Level IR/Assembly transformations: At this level, 
LLMs perform transformations on machine-centric rep-
resentations, often invisible to the original programmer 
but critical for final performance. These operate on com-
mon compiler IRs like LLVM IR and instruction set ar-
chitectures such as x86, PTX, ARM, and RISC-V. The 
main tasks include:

	● IR optimization: Applying optimization passes 
directly on an intermediate representation to 
improve the efficiency of the generated code.

	● Assembly optimization: Applying assembly-level 
optimizations like register-allocation, instruction 
scheduling and peephole optimizations to optimize 
the code performance or code size.

	● Binary translation: Translating low-level code from 
one instruction set architecture (ISA) to another, for 
example, from x86 to ARM.

As summarized in Table 2, the application of LLMs to intra-
level code transformation has become a highly active area of 
research. These tasks, which operate within the same level 
of abstraction (e.g., source-to-source), primarily leverage 
the generative capabilities of LLMs to rewrite programs. In 
this section, we categorize and review these studies based on 
their primary objective: Code Transpilation, which focuses 
on migrating between languages; Code Repair, which aims 
to correct defects; and Code Optimization, which seeks to 
improve program performance.

4.1.1  Transpile

Code transpilation, or source-to-source translation, is one of 
the most prominent tasks in this domain. The core challenge 
is to accurately translate a program from a source language 
to a target language while preserving its semantic correct-
ness and functionality. This capability is critical for modern-
izing legacy codebases, improving interoperability between 
systems, and migrating applications to new hardware eco-
systems, such as converting sequential C code to parallel 
CUDA for GPUs. The following studies demonstrate the 
breadth of this task, tackling a wide range of language pairs 
and programming paradigms.

OpenCLGen  (Palkowski and Gruzewski 2024) uses 
LLM to translate polyhedral C kernels into OpenCL. Recti-
fier (Yin et al. 2024) introduces an LLM correcter to handle 

1 3



S. Zhang et al.

Acronym Citation Tasks Code level
Qimeng-Xpiler Dong et al. (2025) Transpile VNNI, CUDA, HIP, BANG
G-TransEval Jiao et al. (2023) Transpile C++, Java
CoTran Jana et al. (2024) Transpile Java, Python
Oxidizer Zhang et al. (2025) Transpile Go-Rust
OpenCLGen Palkowski and Gruzewski (2024) Transpile PolyC-OpenCL
LLMLift Bhatia et al. (2024) Transpile C, C++, Java-DSLs
Rectifier Yin et al. (2024) Transpile C++, Java, Python
AlphaTrans Ibrahimzada et al. (2025) Transpile Java-Python
OutputFormat Macedo et al. (2024) Transpile C, C++, Go, Java, Python
LostInTranslation Pan et al. (2024) Transpile C, C++, Go, Java, Python
KnowTransfer Cassano et al. (2024) Transpile Java, Python, JS-Ocaml, Racket
CanLLMParallel Nichols et al. (2024) Transpile C++-MPI+OpenMP
SALLM Siddiq et al. (2024) Transpile python+test
TransCoder Roziere et al. (2020) Transpile C++, Java, Python
DOBF anne Lachaux et al. (2021) Transpile C++, Java, Python
TransCoder-ST Roziere et al. (2022) Transpile C++, Java, Python
TransCoder-IR Szafraniec et al. (2023) Transpile LLVM IR-C++, Java, Rust, Go
BabelTower Wen et al. (2022) Transpile C-CUDA
CodeRosseta TehraniJamsaz et al. (2024) Transpile C-CUDA
HPCTrans Lv et al. (2025) Dataset generator C-CUDA
UnsuperBinTrans Ahmad and Luo (2023) Binary Transpile ARM-x86
TFix Berabi et al. (2021) Code repair JavaScript
LLMAPR Xia et al. (2023) Code repair Java, Python, C
ChatGPTRepair Zhang et al. (2023) Code repair Java
EISP Chen et al. (2024) Code repair Python, JavaScript
MacroConfig Albuquerque et al. (2024) Code repair C/C++/Java
CoCoGen Bi et al. (2024) Code repair Python
ZS4C Kabir et al. (2025) Code repair Python
Repilot Wei et al. (2023) Code repair Java
RustAssistant Deligiannis et al. (2024) Code repair Rust
LIBRO Kang et al. (2023) CVE test generation Defects4J
SecurityTestGen Zhang et al. (2023) CVE test generation Java CVE test
GeneticImprove Brownlee et al. (2023) Compiler fuzzing Java
BenchDirect Tsimpourlas et al. (2023) Compiler fuzzing OpenCL
WhiteFox Yang et al. (2024) Compiler fuzzing PT-Inductor/XLA/TF-Lite
MetaMut Ou et al. (2024) Compiler fuzzing C/C++
ClozeMaster Gao et al. (2025) Compiler fuzzing Rust
FMCSO Italiano and Cummins (2025) Compiler fuzzing C/C++
CORL Mammadli et al. (2020) Pass optimization LLVM pass
GraphFlagOpt Sajjadinasab et al. (2024) Pass optimization GCC pass
NeuroEvolution Heckel (2023) Pass optimization LLVM pass
CompilerR1 Pan et al. (2025) Pass optimization LLVM pass
TLM Zhai et al. (2024) Autotuning optimization TVM IR
ReasoningCompiler Tang et al. (2025) Autotuning optimization TVM IR
Effi-Learner Huang et al. (2024) Code optimization Python
OMPar Kadosh et al. (2024) Code optimization C/C++ + OpenMP
ProblemOriented Ye et al. (2024) Code optimization C++
CodeOptCoT Xu et al. (2024) Code optimization Python
LangProp Ishida et al. (2024) Code optimization Python
AutoComp Hong et al. (2025) Code optimization C-C+Intrinsic
SBLLM Gao et al. (2025) Code optimization Python, C++
PCAOT Romero Rosas et al. (2025) Code optimization C+OpenMP
CompilerGPT Pirkelbauer and Liao (2025) Code optimization C/C++
Perfcodegen Peng et al. (2025) Code optimization Python
SpeedGen Purschke et al. (2025) Code optimization Python

Table 2  Summary of LLM for intra-level code transformation
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4.1.2  Code repair

Beyond translating between different languages, another 
critical application is translating a program from a flawed 
state to a correct one. Automated Program Repair (APR) 
using LLMs treats bug fixing as a specialized translation 
task: from an incorrect source program to a corrected ver-
sion in the same language. This approach aims to automate 
the often tedious and error-prone process of debugging 
by leveraging the model’s learned knowledge of common 
programming mistakes and their corresponding fixes. The 
works reviewed here showcase various strategies for apply-
ing LLMs to automatically identify and repair bugs. Addi-
tionally, generating specialized tests to detect bugs (fuzzing) 
is also highly-related to this category, which can be seen as 
either an intra-level code transformation (sythesizing tests) 
task or a utility-based task.

TFix  (Berabi et  al. 2021) learns a transformer model 
to perform specialized sequence-to-sequence code repair 
task. LLMAPR  (Xia et  al. 2023) perform the first exten-
sive study on directly applying LLMs for APR, suggesting 
that both sample size increase and incorporation with fix 
template information can help improve LLM-based APR. 
ChatGPTRepair  (Zhang et  al. 2023) reveals an impor-
tant overlooked data leakage issue of automated program 
repair (APR), and finds ChatGPT is more powerful in APR 
on its proposed decontaminated benchmark EvalGPTFix 
than PLBart and CodeT5. EISP  (Chen et  al. 2024) intro-
duces a test-free semantic mistakes localization framework 
using LLM-based static-analysis. MacroConfig  (Albu-
querque et  al. 2024) studies LLM’s capabilities in resolv-
ing configurable macros errors with compilation feedback. 

project partition module divides-and-conquers the transla-
tion complexity and a type-checking feature mapping mod-
ule handles to migrate semantics between languages.

KnowTransfer  (Cassano et  al. 2024) proposes that 
transpilation to low-resource languages (e.g. Ocaml, 
Racket) can be improved and verified with deterministic 
test case transpilation from high-resource languages (e.g. 
Java, Python), thereby synthesizing rich bilingual corpora 
effectively.

LLMLift (Bhatia et al. 2024) proposes that LLM can be 
used to transpile sequential programs into Tensor-process-
ing framework DSLs like PyTorch and NumPy, with Floyd-
Hoare Logic (FHL) to validate generated programs.

Qimeng-Xpiler (Dong et al. 2025) uses LLMs to transpile 
parallel code between different architectures, including 
SIMT GPUs (CUDA and HIP), SIMD CPU (C+VNNI) 
and SIMD NPU (BANG C), using SMT-solver to check 
key transpilation results correctness and Monte-Carlo Tree 
Search (MCTS) to explore higher performance candidates 
within the target architecture.

Besides source code transpilation, there are also some 
interesting work like UnsuperBinTrans  (Ahmad and Luo 
2023) that performs binary code translation to preliminarily 
study the vulnerability discovery problem in a low-resource 
ISA from high-resource ISA (e.g. x86). However, many 
binary level work cannot be directly neurally transpiled due 
to code difficulties, instead, many work focuses on other 
utility tasks, such as binary similarity detection or compiler 
property identification, which we will detail in Sect. 4.3.

Acronym Citation Tasks Code level
CodeOPT Xu et al. (2025) Code optimization C/C++
PerfRL Duan et al. (2025) Code optimization C++, Java, Python
ECO Lin et al. (2025) Code optimization C++
CUDA-L1 Li et al. (2025) Code optimization CUDA/Pytorch
LLMVectorizer Taneja et al. (2025) Code optimization C/C++
RACL Wang et al. (2025) Code optimization C/C++
CodeTransform Cummins et al. (2024) Code optimization Python
NatGen Chakraborty et al. (2022) Code optimization Java, Python
CodeOptEdu Rong et al. (2025) Code optimization Python
RTLrewriter Bhatia et al. (2024) Code optimization RTL
SymRTLO Wang et al. (2025) Code optimization RTL
InstCombiner Mannarswamy and Das (2022) ASM optimization arm
peephole Fang and Mukhanov (2024) ASM optimization arm
VeriLOCC Jin et al. (2025) ASM optimization SASS, RDNA
CompilerDream Deng et al. (2024) IR optimization LLVM IR
MetaLLMCompiler Cummins et al. (2025) IR optimization LLVM IR
PrioritySampling Grubisic et al. (2024) IR optimization LLVM IR
DeCOS Cui et al. (2025) IR optimization LLVM IR

Table 2  (continued) 
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data-driven approach to discovering complex optimization 
strategies that may be difficult for traditional heuristic-based 
compilers to identify.

First, like previous studies in ML-powered compiler 
studies, using language model as selector is also feasible 
and can be learned through proper feature engineering. 
CoRL  (Mammadli et  al. 2020), NeuroEvolution  (Heckel 
2023), GraphFlagOpt (Sajjadinasab et al. 2024) and Com-
pilerR1  (Pan et  al. 2025) are used as selector to optimize 
compiler pass ordering. TLM  (Zhai et  al. 2024) uses an 
LLM trained from scratch to generate predicted sched-
ule sequences from the large schedule space to accelerate 
TVM autotuning searching. ReasoningCompiler  (Tang 
et al. 2025) similarly uses MCTS to explore the the search 
space through LLM reasoning and also integrated to TVM 
to accelerate the sampling efficiency.

Besides using LLM as selector, there are more work 
exploring to use LLM to perform generative optimizations, 
acting as a direct translator, where the vast pretrained code 
knowledge in LLM is believed to guide the LLM to perform 
reasonable optimizations. The majority of these optimiza-
tions happen at the source code level.

Effi-Learner  (Huang et  al. 2024) proposes a self-opti-
mization framework utilizing execution overhead pro-
files to improve the efficiency of LLM-generated code. 
OMPar  (Kadosh et  al. 2024) studies the capability of 
OpenMP pragma generation to auto-parallelize C/C++ code. 
Problem-Oriented (Ye et al. 2024) proposes an anchor veri-
fication mechanism, first synthesizing test inputs based on 
slow code, constructing verified test case through executing 
with slow code, and iteratively refining the optimized code 
with execution feedback. CodeOptCoT  (Xu et  al. 2024) 
applies the Chain-of-Thought techniques to augment the 
structure understanding and self-checking to improve code 
optimization. LangProp  (Ishida et  al. 2024) has a specific 
focus on autodriving code optimization in CARLA.

In 2025, studies within this task have boomed. Auto-
Comp  (Hong et  al. 2025) studies using LLM to optimize 
C code into different tensor accelerators with distinct 
intrinsics. SBLLM  (Gao et  al. 2025) proposes a search-
based LLM framework using optimization knowledge 
retrieval and genetic operator-inspired CoT prompting. 
PCAOT (Romero Rosas et al. 2025) compares LLM-based 
optimization with traditional optimization compilers and 
finds LLMs struggle to optimize large programs (measured 
in LOCs) directly. CompilerGPT  (Pirkelbauer and Liao 
2025) proposes using LLMs to analyze and act on compiler 
optimization reports, making tailored code rewriting opti-
mizations to fit the optimization reports.

Perfcodegen (Peng et al. 2025) proves that small LLMs 
with proper execution feedback can generate perfor-
mant code compared to naively prompted flagship LLMs. 

CoCoGen (Bi et al. 2024) uses an iterative generation and 
verification process to do project-level code repair with 
careful context retrieval. ZS4C (Kabir et al. 2025) proposes 
a zero-shot LLM-based synthesizer to autocomplete incom-
plete code to a compilable one.

Except using LLMs for automated code repair, LLMs 
can also be used in a repair assistant way. Repilot (Wei et al. 
2023) uses LLM as completion engine for program repair 
by aggresively synthesizing valid patches during the repair 
process. RustAssistant  (Deligiannis et al. 2024) is another 
assistant tool to suggest potential Rust code fixes based on 
compiler feedbacks.

On the fuzzing test side, LIBRO (Kang et al. 2023) show-
cases LLMs can be used to reproduce bugs by synthesizing 
test programs from bug reports. SecurityTestGen  (Zhang 
et al. 2023) also studies the capabilities of LLMs to gener-
ate security tests from CVEs.

GeneticImprove (Brownlee et al. 2023) finds that LLMs 
can be used as mutation operators combined with genetic 
improvment to generate diverse valid programs. BenchDi-
rect  (Tsimpourlas et  al. 2023) trains a language model to 
generate compiler testing benchmarks with high readability. 
WhiteFox  (Yang et  al. 2024) adopts a multi-agent frame-
work to automatically synthesize white-box compiler fuzz-
ing tests. MetaMut  (Ou et  al. 2024) proposes to guide an 
LLM as mutator, it uses LLM to fill-in a carefully crafted 
templates to generate non-trivial mutator designs, then 
randomly applied to test programs to synthesize fuzzing 
programs, which successfully harvested 131 GCC/Clang 
compiler bugs. ClozeMaster (Gao et al. 2025) similarly uses 
LLMs to do fuzzing tests for Rust compiler, where it first 
generates cloze-masked code snippets then fill-in-the-blank 
to generate diverse compiler test programs. FMCSO (Ital-
iano and Cummins 2025) presents a mutation testing meth-
odology by using LLMs to iteratively modify starting code 
seed then develop differential testing strategies to find miss-
ing code size optimizations in LLVM compilers.

4.1.3  Code optimization

The third major category of intra-level transformation is 
Code Optimization. This can be viewed as translating a pro-
gram from a semantically correct but sub-optimal version to 
an improved version that is more efficient in terms of perfor-
mance, memory usage, or code size. While this is a classic 
compiler goal, the application of LLMs is particularly broad 
in this domain. Unlike transpilation and repair which pri-
marily operate on source code, optimization tasks are being 
explored at multiple levels of abstraction. This includes not 
only high-level, source-to-source rewriting but also criti-
cal low-level tasks such as IR Optimization and assembly-
level tuning. Across all these levels, LLMs offer a novel, 
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In this role, the LLM acts as the ultimate compiler front-
end, directly converting a developer’s description of a prob-
lem into a working solution.

ANPL (Huang et al. 2023) introduces an interactive way 
to decomposite program generation problem to sketch and 
holes, and fill later with flexible user interruption.

AIOSCompiler (Xu et al. 2024) uses LLM as interpreter 
for natural language programming and flow programming of 
AI agents, where they introduce a domain-specific language 
CoRE to unify natural language programming, pseudo-code 
programming and flow programming. Unicoder (Sun et al. 
2024) also proposes a code representation to unify differ-
ent programming languages and is LLM-friendly for code 
generation.

Autoiot (Shen et al. 2025) focuses on AIoT applications 
code generation using natural language programming, sup-
ported by a background knowledge retrieval module, a CoT 
program synthesis module and an automated code improve-
ment module.

ArabicLLMCompiler  (Sibaee et  al. 2024) uses LLM 
as interpreter to translate Arabic-based programming lan-
guages into executable Python code.

The reverse of code generation: code comprehension is 
also an important task for software engineering, however, 
as our study has a compiler-centric focus, studies with code 
comprehension goal are therefore treated as out of scope in 
this survey.

4.2.2  Compilation: PL-ASM

This is the core classic compilation task, where an LLM 
is used to translate a human-readable PL into a low-level 
representation like IR or assembly language. This is a core 
challenge where LLMs are being explored to augment or 
even replace components of traditional compiler backends. 
Some similar subtasks, like high-level synthesis, HDL gen-
eration, also fall into this category.

Transformer-x86 (Armengol-Estape and O’Boyle 2021) 
preliminarily studies to learn a transformer from compiler-
generated C-x86 corpora. Transformer-llvm  (Guo and 
Moses 2022) similarly studies C-LLVM and C-x86 with 
optimization level setting. Neither of them achieve fair 
translation accuracy, typically for optimized setting, the 
translation accuracy is 0%.

VirtualCompiler (Gao et al. 2024) models the LLM com-
pilation as similar task of assembly code search and pro-
poses using an LLM model to compile any source code 
of any language to assembly code by matching assembly 
results.

Llm-x86  (Zhang et  al. 2024) uses a data-centric aug-
mentation pipeline to improve compiler-generated corpora 
quality, with specific focus on numerical representation and 

SpeedGen  (Purschke et  al. 2025) uses LLM to optimize 
Python code performance by rewriting to use high perfor-
mance libraries like PyTorch and NumPy. CodeOPT  (Xu 
et al. 2025) finetuned a LoRA adapter to perform optimiza-
tion strategies like loop unroll, inline expansion, constant 
folding and dead code elimination in the source code level 
in C/C++. PerfRL (Duan et al. 2025) trains a small language 
model within a reinforcement learning environment with 
direct metric feedback to obtain better code optimization 
results.

ECO (Lin et al. 2025) uses historical commits to record 
anti-patterns addressed, and using a finetuned LLM to auto-
matically refactor code, auto-verify, and submit to code 
review, constructing an automated code optimization pipe-
line that scales to warehouse-scale computers in Google 
production. CUDA-L1  (Li et  al. 2025) reveals a remark-
able capability of RL in autonomous learning for CUDA 
optimization, with a SFT+GRPO  (Shao et  al. 2024) fine-
tuned model, capable of generating 249 out of 250 Kernel-
Bench  (Ouyang et  al. 2025) cases and optimizing 240 of 
them better than native PyTorch. LLMVectorizer  (Taneja 
et  al. 2025) studies to auto-vectorize C code with SIMD 
intrinsics in source code level and formally verified through 
symbolic verification with Alive2  (Lopes et  al. 2021). 
RACL (Wang et al. 2025) uses reductive analysis to divide-
and-conquer program complexity and perform input-centric 
code optimizations, significantly reduces profiling efforts.

CodeTransform  (Cummins et  al. 2024) explores to 
preliminarily use LLMs to code the transform instead of 
directly transforming code, using the LLM-as-generator 
methodology.

Besides pure performance optimization, there are work 
like NatGen (Chakraborty et al. 2022) which introduces a 
novel task of “code naturalization” to transform unnatural 
code into natural one that fits programming paradigms, 
where it pretrained a LM to naturalize code well in Java and 
Python. Other work like CodeOptEdu (Rong et al. 2025) is 
used to refine code for educational purposes.

4.2  Cross-level transformations

Cross-level transformations are those that bridge the differ-
ent strata of abstraction. These tasks are fundamental to the 
very definition of a compiler and its related tools, represent-
ing some of the most complex and impactful applications 
of LLMs in this domain. As outlined in Table 3, we will list 
these cross-level transformations in the following section.

4.2.1  Code generation: NL-PL

This is the process of translating a Natural Language speci-
fication into a structured Programming Language program. 
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neural compilation accuracy across three architectures on 
O0 setting and achieve an order of magnitude scalability 
improvement without model advancement. However, LLM-
based compilation is still preliminary, because it fails to out-
perform existing compiler systems.

Besides full compilation process performed by LLM, 
there are also works on specific step within the compila-
tion pipeline. VeriLOCC  (Jin et  al. 2025) studies the reg-
ister allocation capabilities using LLMs on both CUDA 
SASS and AMD RDNA assembly generation. While 

label generation, using the improved corpora to finetune an 
LLM, achieve substantial C-x86 compilation improvement, 
over 91%.

LEGO-Compiler (Zhang et al. 2025) studies the scalabil-
ity problem of neural compilation, decompositing function-
level code into finer granularities like basicblock-level or 
statement-level with managed context, and compiles each 
fragment accordingly with necessary symbol information. 
Together with a stepwise workflow that can verify interme-
diate results and an auto repair loop, it achieves over 99% 

Acronym Citation Tasks Code level
ANPL Huang et al. (2023) Code generation NL-Python
AIOSCompiler Xu et al. (2024) Code generation NL-CoRE DSL
Autoiot Shen et al. (2025) Code generation NL-AIoT code
ArabicLLMCompiler Sibaee et al. (2024) Code generation Arabic-Python
Unicoder Sun et al. (2024) Code generation Pseudo Code-Python, JS
transformer-x86 Armengol-Estape and 

O’Boyle (2021)
Compilation C-×86

transformer-llvm Guo and Moses (2022) Compilation C-LLVM IR
llm-x86 Zhang et al. (2024) Compilation C-x86
LEGO-Compiler Zhang et al. (2025) Compilation C-x86, arm, riscv
VirtualCompiler Gao et al. (2024) Compilation C-×86
VeriLOCC Jin et al. (2025) Compilation MIR-SASS, RDNA
InstCombiner Mannarswamy and Das 

(2022)
Compilation arm

VEGA Zhong et al. (2025) Compilation LLVM C++, TableGen
ComBack Zhong et al. (2024) Compilation LLVM C++, TableGen
AutoChip Thakur et al. (2023) RTL generation Verilog
Origen Cui et al. (2024) RTL generation Verilog
VeriGen Thakur et al. (2024) RTL generation Verilog
VerilogLLM Wang et al. (2025) RTL generation Verilog
MakeMoveCount DeLorenzo et al. (2024) RTL generation Verilog
RTLLM Lu et al. (2024) RTL generation Verilog
BuiltRome Nakkab et al. (2024) RTL generation Verilog
HLSPilot Xiong et al. (2024) HLS C++-HLS C++
Slade Armengol-Estape et al. 

(2024)
Decompilation x86, arm-C

LLM4Decompile Tan et al. (2024) Decompilation (obfuscated) x86-C
Degpt Hu et al. (2024) Decompilation x86-C
Lmpa Xu et al. (2023) Decompilation x86-C
BoostDecompile Cao et al. (2022) Decompilation x86-C
BinSum Jin et al. (2023) Decompilation x86-NL
DecLLM Wong et al. (2025) Decompilation x86-C
IR-LLM Jiang et al. (2025) IR Decompilation LLVM IR-C
Forklift Armengol-Estape et al. 

(2024)
Decompilation to IR x86, arm, riscv-LLVM IR

NeuralShapeCompiler Luo et al. (2023) Multimodal Text-PointCloud-Code
RASP Weiss et al. (2021) Neuralcompilation RASP DSL
Tracr Lindner et al. (2023) Neuralcompilation RASP-transformer 

weight
ALTA Shaw et al. (2025) Neuralcompilation ALTA-transformer 

weight
TransformerProgram Friedman et al. (2023) Neuralcompilation transformer weight-RASP
AlgorithmicLM Saldyt and Kambhampati 

(2025)
Neuralcompilation transformer 

weight-python

Table 3  Summary of LLM for 
inter-level code transformation
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for decompilation tasks, each has a centric for either opti-
mized code recovery and obfuscated code recovery.

Degpt (Hu et al. 2024) focuses on using LLMs to inter-
pret and refine decompiler output to improve readability and 
simplicity, which can assist the reverse engineering process.

Lmpa  (Xu et  al. 2023) develops a program analysis 
assisted method for symbol name recovery in decompila-
tion, by querying ChatGPT with managed context, the 
model can generate 75% of the recovered names considered 
good by users.

BoostDecompile  (Cao et  al. 2022) uses a multi-layer 
decompilation pipeline, where the recovery of program is 
jointly performed by rules and neural networks.

BinSum  (Jin et  al. 2023) focuses on assembly code 
understanding capabilities of LLMs, and finds that stripping 
debug symbols has a significant loss to the decompilation 
accuracy.

DecLLM  (Wong et  al. 2025) proposes a recompilable 
centric decompilation system, with an iterative LLM-based 
repair loop to improve decompiler outputs, which combines 
static recompiling and dynamic runtime feedback.

Besides full decompilation process, there are also works 
focusing on some steps. IR-LLM (Jiang et al. 2025) focuses 
on the LLVM IR-to-C decompilation process, while Fork-
lift (Armengol-Estape et al. 2024) focuses on the assembly-
to-LLVM IR decompilation process.

4.2.4  Special cases of cross-level transformations

Beyond transformations within the traditional compilation 
stacks, an emerging line of research explores more special 
cases of compilation which is not limited to typical text-
based or symbolic domains.

For example, NeuralShapeCompiler  (Luo et  al. 2023) 
proposes a compiler-inspired, unified framework for trans-
lating data between multiple modules. This framework first 
converts all data into a unified, discrete intermediate code 
and then uses a transformer model to perform the translation 
across text, code and pointcloud.

A distinct and emerging research direction, also termed 
with the name of “neural compilation”, explores the direct 
translation of programs into the parameters of a neural net-
work. This approach is not aimed at traditional execution 
but at understanding the algorithmic capabilities of mod-
els like transformers, thereby contributing to the study of 
explainability in LLMs. A foundational line of work in this 
area began with RASP (Weiss et al. 2021), an abstract pro-
gramming language designed to express algorithms using 
primitives that mirror the core operations of a transformer. 
Building on this theoretical framework, Tracr (Lindner et al. 
2023) was developed as a compiler that translates RASP 
programs directly into the weights of a standard transformer 

InstCombiner  (Mannarswamy and Das 2022) studies the 
instruction combination capabilities on ARM64 assembly 
using LLMs.

Except LLM-as-translator methodology, there are also 
interesting works investigating to generate specific compiler 
code. VEGA (Zhong et al. 2025) proposes a LLVM back-
end generation method using pretrained LM with carefully 
crafted compiler backend dataset ComBack  (Zhong et  al. 
2024). By treating the LLVM code as features to learn and 
different backends as training data, the model can generate 
sketches of over 60% of the LLVM backend functions with-
out human intervention. However, fully automated compiler 
code generation is still far from reality, as compilers are one 
of the most complicated softwares to maintain.

Except compilation to assembly code, there are also works 
focusing on RTL code generation, which can also be seen as 
a broader compiler task. Among them, AutoChip  (Thakur 
et al. 2023) proposes a self-reflection loop to fix trivial gen-
eration errors. Origen (Cui et al. 2024) proposes a data aug-
mentation pipeline using claude3 distilled data and a similar 
self-reflection mechanism. VeriGen  (Thakur et  al. 2024) 
finetunes a series of verilog generation LLMs using super-
vised finetuning. VerilogLLM  (Wang et  al. 2025) further 
trains a verilog generation LLM with reinforcement learn-
ing (RL) with testbench feedback.

MakeMoveCount (DeLorenzo et al. 2024) studies to per-
form MCTS on RTL code generation. RTLLM  (Lu et  al. 
2024) proposes both benchmark for LLM-based RTL gen-
eration and a simple-yet-effective self-planning prompt-
ing strategy to boost performance of RTL generation with 
GPT3.5. BuiltRome  (Nakkab et  al. 2024) also found that 
hierarchical prompt structuring can dramatically improve 
LLM performance on hardware design tasks, enabling suc-
cessful generation of complex modules that would other-
wise be impossible.

HLSPilot  (Xiong et  al. 2024) instead of focusing on 
verilog RTL generation, it generates High-Level Synthesis 
(HLS) code translated from software C++ code, it outper-
forms manually written FPGA kernels with the integration 
of profiling tools and DSE tools to enable automatic hard-
ware/software partition and pragma tuning.

4.2.3  Decompilation: ASM-PL

This involves the reverse process of compilation, where an 
LLM attempts to reconstruct a human-readable and seman-
tically meaningful PL from a low-level representation like 
a binary or assembly file. This is a notoriously difficult task 
for which the pattern recognition capabilities of LLMs are a 
promising research direction.

Slade (Armengol-Estape et al. 2024) and LLM4Decom-
pile (Tan et al. 2024) are both learned language models used 
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4.3  Non-transformed utilities

Table 4 outlines related utility-based studies. Except for 
generative tasks, LLMs also enable utility-based tasks in 
broader compiler domain, such as the vulnerability test gen-
eration and compiler fuzzing test, which we have outlined 
earlier.

As for other utility studies, CompileAgent  (Hu et  al. 
2025) proposes to use LLMs to auto-configure project setup. 
DCC (Taylor et al. 2024) develops a tool that integrates a 
Large Language Model into the Debugging C Compiler 
to generate context-aware, novice-focused explanations 
for compile- and run-time errors to help introductory pro-
gramming students. Quantum  (Ren et  al. 2024) employs 
a Seq2Seq model to solve the qubit routing problem in 
quantum compilation, reducing the number of added gates 
and compilation runtime compared to heuristic algorithms. 
ComPAT (Cai et al. 2024) introduces a LLM-based teaching 
assistant for compiler principles courses. HPC-GPT (Ding 
et al. 2023) finetunes a LLM with automatically generated, 
domain-specific data to improve performance on High-
Performance Computing tasks like data race detection and 
AI model management. Fair  (Niu et  al. 2024) proposes a 
pre-trained model for IR that uses a novel flow-type-aware 
graph input, a Graph Transformer architecture, and five spe-
cific pre-training tasks to improve LLM’s ability to under-
stand IR.

There is a growing interest in integrating deep learning 
models into binary analysis, a domain critical for reverse 
engineering, vulnerability detection, and software supply 
chain security. This research primarily focuses on two key 

model. This capability was further extended by ALTA (Shaw 
et al. 2025), which adds support for dynamic control flow 
operations like loops.

Complementing this compilation process, some research 
explores the reverse direction–a form of decompilation. For 
example, TransformerProgram (Friedman et al. 2023) intro-
duces a method to train a modified transformer that can be 
automatically converted back into a discrete, human-read-
able Python program. Furthermore, AlgorithmicLM (Saldyt 
and Kambhampati 2025) investigates methods for compos-
ing these “neurally compiled” weights to execute combined 
algorithms through an augmented interpreter.

Despite its theoretical importance, this area of research 
currently also faces significant limitations in both the scale 
of the programs and the variety of operations that can be 
compiled, marking it as a key area for further investigation.

As we can see in the number of studies about intra-
level (Table 2) and inter-level (Table 3) code transforma-
tions, there are more studies handling with high-level code 
(59+34) than low-level IR/assembly (14+16). The quantita-
tive imbalance can be viewed in two ways. First, Low-level 
compiler tasks do receive less attention from the commu-
nity as there are much more LLM researchers than compiler 
researchers (who are interested in tasks about low-level 
representations). Second, low-level code representations 
are less amenable to LLM approaches, because: 1. there are 
less low-level code corpora than high-level corpora in most 
LLMs’ pretraining stage; 2. the quality of low-level corpora 
is relatively low, as many low-level code representations 
are automatically generated through compilers, which lack 
readability and is hard for LLMs to learn with.

Table 4  Summary of LLM for compiler utilities
Acronym Citation Tasks Code level
LIBRO Kang et al. (2023) CVE test generation Defects4J
SecurityTestGen Zhang et al. (2023) CVE test generation Java CVE test
GeneticImprove Brownlee et al. (2023) Compiler fuzzing Java
BenchDirect Tsimpourlas et al. (2023) Compiler fuzzing OpenCL
WhiteFox Yang et al. (2024) Compiler fuzzing PT-Inductor/XLA/TF-Lite
MetaMut Ou et al. (2024) Compiler fuzzing C/C++
ClozeMaster Gao et al. (2025) Compiler fuzzing Rust
FMCSO Italiano and Cummins (2025) Compiler fuzzing C/C++
CompileAgent Hu et al. (2025) Auto configuration Cmake/Make
DCC Taylor et al. (2024) Error explanation Compiler Log
Quantum Ren et al. (2024) Qubit routing Quantum Program
ComPAT Cai et al. (2024) Course assistant Compiler Textbook
OSCAR Peng et al. (2021) Binary detection LLVM IR
JTrans Wang et al. (2022) Binary detection Assembly
DiEmph Xu et al. (2023) Binary detection Assembly
OPTango Geng et al. (2023) Binary detection Assembly
MulCPI Gao et al. (2024) Binary detection Assembly
ObfuscateCPI Khan et al. (2024) Binary detection Assembly
HPC-GPT Ding et al. (2023) HPCknowledge Pretrain HPC knowledge
Fair Niu et al. (2024) IR understanding LLVM IR
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Grubisic et al. 2024; Cui et al. 2025; Cummins et al. 2025), 
they are more or less preliminary and mostly cannot surpass 
traditional compilers in either performance, cost or scalabil-
ity. Some works (Zhong et al. 2024, 2025) try to address the 
compiler construction problem in an “agile-development” 
view, they still require significant compiler experts interven-
tion and cannot generalize to arbitrary compiler develop-
ment tasks due to the lack of dataset.

Nevertheless, with increasing number of studies on 
this field year after year, and the advancements made. We 
believe LLM-powered compiler system is a promising 
research direction.

5  Benchmarks & state-of-the-art evolution

5.1  Benchmark, metrics & scale

A critical aspect of evaluating this field is to systematically 
analyze the benchmarks themselves. Table 5 provides a 
broad summary of the benchmarks and datasets used across 
various LLM-Compiler tasks. As shown, we can analyze 
these benchmarks along three recurring dimensions:

Benchmark construction generally follows three pat-
terns: (1) adapting large public benchmarks/datasets (e.g., 
CodeNet, AVATAR), often with new filters or metadata. We 
summarize these commonly used benchmarks/datasets in 
Table 5.

For general understanding and transpilation, 
CodeNet  (Puri et  al. 2021) provides a large-scale dataset 
of nearly 14 million code samples spanning more than 
55 languages and accompanied by rich metadata. AVA-
TAR  (Ahmad et al. 2023) builds on CodeNet by curating 
9,515 problems and deriving 3,391 parallel function pairs 
for fine-grained alignment. TransCoder-Test offers a stan-
dardized parallel set used since Roziere et al. (2020) (948 
test instances) and remains a staple for translation accu-
racy. PIE (Performance-Improving Edits)  (Madaan 
et al. 2023) is a performance-optimization benchmark built 
from roughly 77k submission pairs (mostly sourced from 
CodeNet) and evaluates runtime improvements under the 
gem5 simulator, making it a widely adopted testbed for 
optimization-oriented LLMs.

For compilation and generation tasks, MiBench (Guthaus 
et  al. 2001) contributes 35 domain-realistic embedded C 
programs used to stress end-to-end compilation. Kernel-
Bench  (Ouyang et  al. 2025) focuses on GPU kernel gen-
eration, packaging 250 tasks with correctness and speedup 
metrics. TritonBench (Li et al. 2025) similarly focuses on 
Triton-based GPU kernel evaluation. For neural compilation, 
AnghaBench (Da Silva et al. 2021) contains 1 M compil-
able C functions, while ExeBench (Armengol-Estapé et al. 

tasks: binary similarity detection and compiler provenance 
identification (CPI).

In binary similarity detection, the goal is to determine 
if two binary functions are semantically equivalent despite 
variations introduced by different compilers or optimiza-
tion settings. Foundational work like OSCAR (Peng et al. 
2021) established a pre-training paradigm to learn code 
representations from LLVM IR, using contrastive learning 
to handle diverse optimizations. Subsequent approaches 
have refined this concept. JTrans  (Wang et  al. 2022), for 
example, introduces a jump-aware Transformer model to 
better capture control flow, while DiEmph (Xu et al. 2023) 
improves robustness by de-emphasizing compiler-induced 
noise in the binary code. Similarly, OPTango (Geng et al. 
2023) utilizes multi-central representation learning to cre-
ate a binary diffing tool resilient to the complex effects of 
compiler optimizations.

A specialized application of this is Compiler Provenance 
Identification (CPI), which aims to identify the compiler 
and optimization level used to generate a given binary. Here, 
researchers have explored various neural architectures. For 
instance, MuCPI (Gao et al. 2024) enhances a Gated Graph 
Neural Network (GGNN) with attention mechanisms to 
learn features from a binary’s control flow graph. In a more 
unconventional approach, ObfuscateCPI (Khan et al. 2024) 
demonstrates a resilient method by converting binaries into 
images and applying pre-trained computer vision models 
to identify the compiler’s visual fingerprint, even through 
obfuscation.

In the end of this section, we could finally answer RQ2 
based on recent LLM compiler studies.

However, on the narrowly defined compilation tasks, 
although there are studies on the end-to-end compilation 
process (Armengol-Estape and O’Boyle 2021; Zhang et al. 
2024; Gao et al. 2024; Zhang et al. 2025), part of the com-
pilation process  (Jin et  al. 2025; Mannarswamy and Das 
2022), and the IR optimization process (Deng et al. 2024; 
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On metrics, evaluation coalesces around two families of 
metrics: text-based similarity and semantic-based correct-
ness across these benchmarks. Text-based metrics such as 
BLEU (Papineni et al. 2002) measure n-gram overlap with 
references and are inexpensive and reproducible, but they 
neither account for code syntax/grammar nor data- and 
control-flow, which limits their faithfulness for programs; 
CodeBLEU  (Ren et  al. 2020) explicitly amends this by 
combining standard n-gram overlap with keyword-weighted 
n-grams, AST (syntax) matching, and data-flow (semantics) 
matching to better correlate with expert judgments on code 
tasks.

Semantics-centric metrics execute or analyze the arti-
fact: pass@k estimates the probability that at least one of 
k generated candidates passes all unit tests (now standard 
for HumanEval-style synthesis); Computational Accuracy 
(a.k.a. functional-equivalence accuracy) runs reference tests 
on translated code and reports the fraction that compile and 
produce correct outputs; and optimization-focused works 
report SpeedUp and Percent Optimized (share of problems 
where the new code exceeds a fixed improvement threshold, 
e.g., 10% faster). Beyond these shared metrics, task-specific 
measures capture domain goals: SALLM  (Siddiq et  al. 
2024) augments pass@k with secure@k and vulnerable@k 
to quantify the security of generated samples. Compil-
erDream  (Deng et  al. 2024) evaluates end-to-end code-
optimization by reporting code size reduction (e.g., IR 
instruction count) relative to compiler baselines such as 
LLVM -Oz, aligning the metric with embedded deployment 
objectives. CoTran (Jana et al. 2024) augments correctness 
with error-position statistics.

5.2  Evolution

While  Sect. 5.1 provided a broad overview of the evalua-
tion landscape, this section provides a deeper, chronological 

2022) scales this to 680K executable C functions with a 40K 
unittest-based verifiable split. For code generation, Huma-
nEval (Chen et al. 2021a) (164 Python problems) is the de 
facto standard for pass@k evaluation, and MBPP  (Austin 
et al. 2021) (974 Python tasks) targets everyday program-
ming competence.

The second pattern, (2) curating real open-source reposi-
tories, aims to reflect end-to-end realism. For example, 
AlphaTrans  (Ibrahimzada et  al. 2025) decomposes ten 
real-world repositories to assess runtime behavior at reposi-
tory scale. Similarly, Oxidizer (Zhang et al. 2025) curates 
several real-world Go projects to evaluate Go-to-Rust 
transpilation. The well-known Defects4J (Just et al. 2014) 
benchmark, a curated collection of reproducible bugs from 
real Java projects, also follows this pattern and serves as 
a foundational benchmark for many program repair stud-
ies (Xia et al. 2023; Wei et al. 2023).

The third pattern, (3) synthesizing test cases, probes 
capabilities on tailored downstream tasks. For example, 
QiMeng-Xpiler  (Dong et  al. 2025) assembles a kernel-
level tensor-program suite to test cross-DSL transcom-
pilation. This pattern is also the foundation of compiler 
fuzzing, where works like WhiteFox  (Yang et  al. 2024) 
and MetaMut (Ou et al. 2024) synthesize diverse and non-
trivial test programs specifically designed to find compiler 
bugs.

At the level of granularity, most benchmarks remain 
function-centric, which makes side-by-side comparison 
tractable. For example, among the 21 transpile-related tasks 
listed in Table 2, only a small but important slice moves 
to whole-program/repo contexts, e.g., in Oxidizer  (Zhang 
et al. 2025) and AlphaTrans (Ibrahimzada et al. 2025), suc-
cess is defined end-to-end: the code must compile, execute, 
and exhibit correct behavior, reflecting real deployment 
conditions rather than snippet-level fidelity.

Table 5  Summary of commonly used benchmarks/datasets for LLM-compiler tasks
Benchmark/Dataset Languages Primary task Size (Units)
CodeNet (Puri et al. 2021) Multi-lingual (55) Code understanding, transpilation 13.9 M
AVATAR (Ahmad et al. 2023) Java, C++ Code transpilation ∼9.5 k
TransCoder-Test (Roziere et al. 2020) C++, Java, Py Code transpilation 1.4 k
PIE (Madaan et al. 2023) Python, Java Code transpilation, edit ∼77 k
MiBench (Guthaus et al. 2001) C Embedded compilation, optimization 35
KernelBench (Ouyang et al. 2025) CUDA, PyTorch GPU Kernel generation/optimization 250
TritonBench (Li et al. 2025) Triton DSL GPU Kernel generation/optimization 184
AnghaBench (Da Silva et al. 2021) C, ASM Neural compilation ∼1 M
ExeBench (Armengol-Estapé et al. 2022) C, ASM Neural compilation 0.7 M
HumanEval (Chen et al. 2021a) Python Code generation 164
MBPP (Austin et al. 2021) Python Code generation 974
Defects4J (Just et al. 2014) Java Code repair 854
The “Size (Units)” column is simplified to show the approximate number of core entities to refelect the evaluation scale, e.g., (M)illions or (k) 
thousands of the major problems, functions, or code samples
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Code Transpilation: The TransCoder-series of works 
established a foundational benchmark for source-to-source 
translation, focusing on programming language transpila-
tions, e.g, Python, Java, and C++. While early metrics 
included BLEU and Exact Match (EM), Computational 
Accuracy (CA@1)–whether the translated code passes a set 
of unit tests–emerged as the most meaningful and endur-
ing metric. As illustrated in Fig. 6(a), the original Trans-
Coder (Roziere et al. 2020) achieved CA@1 scores such as 
29.9% (Py-Java) and 70.6% (Java-C++). Subsequent works, 
like DOBF (Anne Lachaux et al. 2021) which focused on 
deobfuscation, improved on these (e.g., 44.5% on Py-Java). 
A significant leap came with TransCoder-ST (Roziere et al. 
2022), which introduced test-based filtering and improved 
data curation to boost CA@1 to 62.3% (Py-Java) and 
75.4% (Java-C++). TransCoder-IR (Szafraniec et al. 2023) 

analysis of SOTA evolution for four representative tasks. 
This allows us to track concrete technical progress made in 
recent years.

We have selected four tasks to illustrate this evolution: 
Code Transpilation, Neural Compilation, GPU Kernel 
Generation, and LLVM IR Optimization.

We will analyze the key benchmarks and metrics for 
each, tracking the chronological progress of state-of-the-art 
results, which are visually summarized in Fig. 6. It is cru-
cial to add a caveat: direct comparisons are not always 
perfectly fair. Different studies often use non-uniform 
experimental setups, with different dataset splits, baseline 
compiler versions, or testing conditions. Nonetheless, this 
analysis clearly demonstrates the rapid and significant tech-
nical progress in the field.

Fig. 6  Visualization of state-of-the-art (SOTA) progress across four 
key LLM-Compiler tasks: a Code Transpilation (CA@1 on Trans-
Coder), b Neural Compilation (CA on ExeBench), c GPU Kernel Gen-

eration (Speedup & Correctness on KernelBench), and d LLVM IR 
Optimization (Code Size Reduction)
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–Oz). As shown in Fig. 6(d), this area highlights the chal-
lenge of non-standardized benchmarks. Different works use 
different datasets and baseline compiler versions, making 
direct comparisons difficult. Nonetheless, a clear trend of 
improvement is visible. The initial Meta-LLMCompiler 
work  (Cummins et  al. 2023) achieved a 3.01% reduction 
over LLVM –Oz via large-scale pre-training. The subse-
quent Meta-LLMCompiler (Cummins et al. 2025) improved 
this to 5.26% by adding multi-step post-training to adapt 
the model for subtasks like compiler behavior emulation 
and decompilation. Similarly, CompilerDream (Deng et al. 
2024) build their own compiler world model with reward 
smoothing technique, achieves 7.3% over LLVM -Oz with 
guided search, which leads the CompilerGym  (Cummins 
et  al. 2022) leaderboard. A different, agentic approach 
with LLM-as-Selector philosophy, Compiler-R1  (Pan 
et al. 2025), used GRPO (RL) for compiler flag tuning and 
reported an 8.46% reduction over LLVM -Oz.

In summary, this section has critically examined the evalu-
ation methodologies and benchmark-driven progress at the 
intersection of LLMs and compilers. Our analysis, span-
ning both a broad survey of the landscape (Sect. 5.1) and a 
deep dive into SOTA evolution (Sect. 5.2), reveals two key 
insights. First, there is clear and rapid technical progress 
across diverse tasks, from achieving over 99% correctness in 
neural compilation to delivering significant speedups in GPU 
kernel generation. Second, this progress is mirrored by a mat-
uration in evaluation, with the community decisively shifting 
away from superficial text-based metrics (like BLEU) toward 
rigorous, execution-based metrics (like Computational Accu-
racy and performance speedup). However, this analysis also 
highlights significant remaining challenges. As seen in the 
GPU and IR optimization tasks, there is a lack of standard-
ized comparison protocols (e.g., fixed hardware, baselines, 
and datasets), which hinders fair, direct evaluation. Further-
more, as our analysis in  Sect. 5.1 and Table 5 indicates, the 
vast majority of benchmarks remain function-level. Large-
scale, project-level benchmarks with unified standards are 
still rare, making it difficult to properly evaluate scalability–a 
critical factor for real-world compiler systems.

6  Discussions

Having categorized the existing body of work according to 
design philosophy (Sect.  3) and level of code abstraction 
(Sect. 4), we now turn to a broader discussion of the field. 
This chapter synthesizes our findings to address the final 
two research questions of this survey. We begin by sum-
marizing the primary advancements offered by LLM-based 
approaches (RQ3). We then delve into the common chal-
lenges and corresponding future opportunities that define 

explored a novel compiler-IR-based approach, achieving a 
comparable 68.7% (Java-C++), demonstrating robustness 
across more compiler backends.

Neural Compilation The goal of end-to-end neural com-
pilation (e.g., C-to-x86) is extremely challenging. Progress 
here is clearly marked by a shift from superficial metrics 
to rigorous, execution-based benchmarks, as depicted 
in Fig. 6(b). Initial work by Armengol-Estape and O’Boyle 
(2021) trains a standard transformer on AnghaBench for 
testing the neural compilation capability, reporting high 
BLEU (90.2) and Syntax (98.5) scores. However, these 
metrics failed to capture semantic correctness; on a small 
64-item synthetic benchmark, which has similar bench-
mark difficulty compared to ExeBench (not published yet), 
they achieved only 32.8% CA. A major advancement came 
from Zhang et al. (2024), who fine-tuned a large language 
model CodeLlama-13B with extensive data augmentation. 
Evaluated on the rigorous ExeBench (developed from Ang-
haBench, with over 17k verifiable testcases), they achieved 
a remarkable 91.72% CA. Most recently, LEGO-Com-
piler (Zhang et al. 2025) employed a training-free, divide-
and-conquer methodology, with simplified step-by-step 
translation and basicblock-level code complexity reduction, 
it further pushes the CA on ExeBench to over 99% across 
multiple models.

GPU Kernel Generation For GPU kernel generation, the 
evaluation standard shifts from mere semantic correctness 
to achieving performance speedup over strong baselines 
like torch eager. The primary benchmark in this area is 
KernelBench (Ouyang et al. 2025), which is used by several 
key studies, as visualized in Fig.  6(c). However, direct com-
parison remains challenging because different works may 
evaluate on different GPU hardware (e.g., A100 vs. L40), 
which can significantly affect speedup results. Therefore, the 
following progression should be viewed as a demonstration 
of the trend rather than a direct, fair comparison. Early work 
(Kevin  (Baronio et  al. 2025)) highlighted the correctness 
challenge, achieving only 82% correctness with a minimal 
1.10× average speedup over torch eager. A significant 
advancement came with Stark  (Dong et  al. 2025), which 
first achieved 100% correctness across all tasks, and deliv-
ered substantial speedups ranging from 1.58x to 3.03x on 
different benchmark levels, with an average 2.60x. Another 
well-known work CUDA-L1 (Li et al. 2025) employed both 
SFT and reinforcement learning (GRPO), achieving near 
100% correctness (249/250) while pushing the SOTA aver-
age speedup to 3.12x over torch eager, a result that 
is further supported by its open-sourced evaluation results 
across multiple GPUs.

LLVM IR Optimization For LLVM IR optimization, 
progress is often tracked by code size reduction relative to 
the compiler’s most aggressive size-optimization flag (e.g., 
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6.2  Common challenges and future opportunities 
(RQ4)

Despite the rapid progress, the field faces significant chal-
lenges that must be addressed to move from academic 
research to production-grade, reliable tools. These chal-
lenges, in turn, highlight promising avenues for future 
research.

6.2.1  Common challenges and task-specific approaches

Despite the rapid progress, the field faces significant chal-
lenges to bridge the gap to production-grade, reliable tools. 
Addressing them requires moving beyond isolated, func-
tion-level studies. However, as we will discuss, the proposed 
solutions are not universal paradigms but rather highly 
task-specific approaches. The fundamental gap between 
current LLM capabilities and the robustness of traditional 
compilers remains significant.

Ensuring Correctness and Verifiability This remains 
the most critical challenge. Traditional compilers must 
guarantee semantic equivalence, but the probabilistic nature 
of LLMs can introduce subtle bugs. Approaches to mitigate 
this are emerging.

One strategy is constraining the generation process 
itself (Mündler et al. 2025). Methods like grammar-guided 
constrained decoding (Willard and Louf 2023; Dong et al. 
2024) can force the LLM to produce outputs that adhere to 
the given grammar constraints, which are therefore syntacti-
cally valid, guaranteeing compilability. However, this only 
addresses syntax, not semantic correctness, which remains 
the harder challenge.

A more dominant strategy is the “Translator + Veri-
fier” hybrid pattern, where the LLM’s generative output is 
checked by a deterministic component after generation. This 
pattern primarily manifests in two forms. The most common 
form is dynamic functional validation via test suites. This 
is often placed within an iterative feedback loop (Ye et al. 
2024; Wong et al. 2025), which serves a similar purpose to 

the research frontier (RQ4). Finally, we explore several 
additional topics that are critical for the healthy evolution 
of this domain.

6.1  Primary advancements of LLM-based 
approaches (RQ3)

The integration of LLMs into the compilation process 
has catalyzed several fundamental advancements, mov-
ing beyond the capabilities of both traditional handcrafted 
compilers and earlier machine learning techniques. These 
advancements primarily stem from the models’ ability to 
learn deep semantic and structural patterns directly from 
vast corpora of source code.

	● Democratizing compiler code development and opti-
mization: LLMs significantly lower the barrier to en-
try for creating sophisticated code transformation and 
optimization tools. Instead of requiring years of spe-
cialized expertise to design and implement complex 
compiler/transpiler heuristics, developers can now 
achieve impressive results by fine-tuning pre-trained 
models or applying large foundation models. This ca-
pability stems from the models being pre-trained on 
vast code corpora, much more than any code expert 
can read in its entire life, allowing them to internal-
ize a wide array of programming patterns and tech-
niques far beyond the scope of any single human ex-
pert in its weights. Consequently, this accelerates the 
development of new optimizers and makes bespoke, 
high-performance compilation accessible to a wider 
audience.

	● Discovering novel optimization strategies: For decades, 
code optimization has been guided by human-designed 
heuristics. LLMs, with their ability to learn from enor-
mous datasets of real-world code, can identify complex 
patterns and discover novel optimization strategies that 
may be non-obvious to human experts. By exploring 
vast optimization spaces and generalizing from success-
ful examples seen during pre-training, LLMs have the 
potential to surpass the performance ceilings of existing 
heuristic-based systems.

	● Broadening the scope and utility of “compilation”: The 
application of LLMs has expanded the traditional defini-
tion of a compiler’s role. Tasks such as large-scale Code 
Transpilation and Automated Program Repair are now 
treated as viable compilation problems. This broadened 
utility positions the compiler not just as a static tool for 
translation and optimization, but as a versatile platform 
for ongoing code maintenance, migration, and modern-
ization, providing enormous value across the entire soft-
ware lifecycle.
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Interpretability and Debuggability The “black box” 
nature of LLMs makes their decisions difficult to trust. This 
challenge is less mature, but specific strategies offer paths 
forward. One approach is to force the model to “show its 
work” using Chain-of-Thought (CoT) prompting, as seen 
in CodeOptCoT (Xu et al. 2024) and SBLLM (Gao et al. 
2025).

Another strategy focuses on debugging and explanation: 
CompilerGPT (Pirkelbauer and Liao 2025) analyzes com-
piler reports, while DCC (Taylor et al. 2024) generates nov-
ice-friendly explanations for errors. Perhaps the most robust 
solution is the LLM-as-Generator philosophy (Sect. 3.3), 
exemplified by CodeTransform  (Cummins et  al. 2024), 
where the generated artifact (a transformation script) is 
itself human-readable and debuggable.

Performance and Cost-Effectiveness The inference 
cost of large models can be substantial. For an LLM-based 
optimizer to be practical, the performance gains it provides 
must outweigh the computational cost and latency of its 
own execution. Striking the right balance between model 
size, inference speed, and optimization quality is an ongo-
ing challenge.

Strategies to manage this cost-benefit trade-off are emerg-
ing. One strategy focuses on reducing the LLM’s own cost by 
using smaller, specialized models; Perfcodegen (Peng et al. 
2025) and PerfRL (Duan et al. 2025) both show that small 
models trained with execution feedback can achieve strong 
performance, avoiding the expense of large-scale models.

A different strategy seeks to offset the LLM’s cost by 
using it as an accelerator for existing, expensive processes. 
In auto-tuning, for example, ReasoningCompiler  (Tang 
et  al. 2025) and TLM  (Zhai et  al. 2024) use an LLM to 
intelligently guide a search. In this context, the LLM’s infer-
ence cost is negligible compared to the hours of compilation 
and benchmarking time it saves.

6.2.2  Future opportunities

	● Hybrid compiler systems: The most promising near-
term future lies not in replacing traditional compilers, 
but in augmenting them. Hybrid systems that combine 
the creative pattern-matching of LLMs with the rigor 
and speed of formal, deterministic compiler algorithms 
could achieve the best of both worlds. This can be real-
ized through the Selector or Generator philosophies, 
but it also applies powerfully to the Translator model. 
For instance, a system could delegate the bulk of code 
compilation to a fast and reliable traditional compiler, 
while invoking an LLM to handle specific, challenging 
portions that the compiler cannot. This allows the sys-
tem to support tasks it was not originally designed for, 

constrained decoding by iteratively correcting errors, albeit 
at a higher cost.

The second, more rigorous form employs formal veri-
fication in a task-specific manner: LLMLift (Bhatia et al. 
2024) uses Floyd-Hoare Logic, Qimeng-Xpiler  (Dong 
et al. 2025) uses SMT-solvers for key transformations, and 
LLMVectorizer (Taneja et al. 2025) formally verifies gen-
erated SIMD intrinsics using the Alive2 validator. While 
combining these strategies is promising, applying rigorous 
formal verification at scale for all transformations remains a 
costly and open problem.

Scalability to Large, Real-World Codebases This is 
a critical barrier where the very definition of “scalability” 
is task-dependent. For tasks like GPU kernel optimization, 
e.g., CUDA-L1  (Li et  al. 2025) and KernelBench  (Ouy-
ang et  al. 2025), the scope is naturally constrained to a 
single function/kernel, making repository-level scalability 
a non-issue.

However, for legacy code transpilation, the challenge 
becomes managing inter-procedural context across the code-
base. Here, divide-and-conquer strategies are employed, 
such as project partitioning in AlphaTrans  (Ibrahimzada 
et  al. 2025) or type-checking feature mapping in Oxi-
dizer (Zhang et al. 2025). For project-level repair, CoCo-
Gen (Bi et al. 2024) relies on RAG-based context retrieval.

A more fundamental challenge lies in a gap in design 
assumptions. LLMs are pre-trained on vast public code-
bases that, for the most part, adhere to “Clean Code” prin-
ciples or the Single Responsibility Principle (SRP). This 
biases their training data toward short, focused functions. 
Real compilers, however, cannot make this assumption; 
they must robustly handle any syntactically valid code, 
including massive, monolithic functions (“God functions”) 
that violate these human-centric principles. This creates a 
critical gap for any LLM aiming to replace or complement 
core compiler components.

LEGO-Compiler (Zhang et al. 2025) is a notable work 
that addresses this compiler-centric problem by decompos-
ing functions into finer-grained basic blocks or statements. 
This semantic-preserving decomposition, as a further sup-
plement to the task-dependent nature of scalability, is itself 
only effective for non-optimization scenarios or translations 
with only local, intra-unit optimizations; how to scale this 
decomposition strategy to global optimization scenarios 
remains unclear and challenging.

Ultimately, even with these decomposition strategies, 
the finite context window of LLMs remains the hard bottle-
neck. Real-world codebases like the LLVM or Linux Kernel 
projects, with their sheer size and complexity, are orders 
of magnitude beyond the scalability of current LLM-based 
approaches.

1 3



The new compiler stack: a survey on the synergy of LLMs and compilers

6.2.3  Further discussion points

	● The need for standardized benchmarks: The field’s prog-
ress is hampered by the lack of benchmarks designed for 
the unique challenges of LLM-based compilers. While 
several benchmarks have emerged for specific down-
stream tasks, such as ExeBench  (Armengol-Estapé 
et  al. 2022), TritonBench  (Li et  al. 2025), and Verilo-
gEval (Liu et al. 2023), they often fall short in adequate-
ly covering the dimensions of complexity and, most 
critically, scalability. This gap is a significant obstacle 
for evaluating LLM-based translators and optimizers 
on realistic, large-scale applications. Conversely, while 
traditional suites like SPEC (Henning 2006) possess the 
required scale and complexity, they are not designed for 
LLM-based workflows and their end-to-end difficulty 
can be prohibitive for current models. This suggests a 
crucial need for a new class of “LLM-friendly” bench-
marks designed for hybrid evaluation, where external 
processes handle boilerplate code, allowing the bench-
mark to focus specifically on evaluating the LLM’s core 
capability in translating or optimizing the most critical 
sections of a program.

	● Synergy between PL/Compiler and ML/LLM commu-
nities: Meaningful progress requires deep, symbiotic 
collaboration. The ML community can build more pow-
erful and code-aware models, but the Programming 
Language (PL) and compiler community is essential for 
defining the right problems, providing domain-specific 
knowledge (e.g., program semantics, IR structures), cu-
rating high-quality datasets, and developing the rigorous 
verification techniques necessary to ensure the correct-
ness of the final output.

	● The evolving role of the compiler engineer: The rise of 
LLMs is poised to shift the role of the compiler engi-
neer. The focus may move from manually writing com-
plex, handcrafted heuristic algorithms to a new set of 
responsibilities. These could include curating massive 
code datasets for model training, designing effective 
prompting strategies, developing robust verification sys-
tems for LLM outputs, and analyzing the novel optimi-
zations discovered by these models to gain new insights 
into program performance.

7  Conclusion

In this survey, we presented a systematic overview of the 
emerging application of Large Language Models to the 
field of compilation, a domain traditionally governed by 
handcrafted heuristics. We introduced a multi-dimensional 

such as compiling projects with mixed-language code-
bases or extending support to new and emerging hard-
ware architectures for which a mature backend does not 
yet exist.

	● Self-improving and “learning” compilers: A significant 
opportunity lies in creating compilers that learn and 
evolve over time by transforming the creative, non-
deterministic discoveries of LLMs into permanent, de-
terministic compiler capabilities. This could be realized 
through a multi-stage process:

	● First, an LLM as a Translator could be used in an 
exploratory capacity to discover novel, ad-hoc opti-
mizations for specific code snippets that traditional 
heuristics miss.

	● Next, these successful and verified transformations 
would be collected into a specialized dataset of 
high-quality optimization examples.

	● Finally, this dataset would be used to task an LLM 
as a Generator with a more ambitious goal: not just 
to perform another one-off translation, but to write 
the source code for a new, deterministic compiler 
pass or component that systematically implements 
the discovered optimization strategy.

 This newly generated component can then be validated 
and integrated into the traditional compiler framework. The 
result is a compiler that has permanently “learned” a new 
skill, effectively creating a powerful paradigm for compiler 
evolution.

	● A new generation of interactive developer tools: LLMs 
can transform how developers interact with compilers. 
We can imagine future IDEs where an LLM-powered 
compiler agent not only optimizes code but also ex-
plains performance bottlenecks in natural language, 
suggests complex refactorings, and interactively works 
with the developer to improve their code.

Based on the detailed discussion of the key obstacles and 
the corresponding research avenues, we can now synthe-
size these findings to provide a concise answer to our fourth 
research question (RQ4).
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8(OOPSLA2) (2024) ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​1​4​5​​/​3​6​​8​9​7​3​5

Cao, Y., Liang, R., Chen, K., Hu, P.: Boosting neural networks to 
decompile optimized binaries. In: Proceedings of the 38th Annual 
Computer Security Applications Conference, pp. 508–518 (2022)

Chen, T., Moreau, T., Jiang, Z., Zheng, L., Yan, E., Cowan, M., Shen, 
H., Wang, L., Hu, Y., Ceze, L., Guestrin, C., Krishnamurthy, A.: 
Tvm: an automated end-to-end optimizing compiler for deep 
learning. In: Proceedings of the 13th USENIX Conference on 
Operating Systems Design and Implementation. OSDI’18, pp. 
579–594. USENIX Association, USA (2018)

Cummins, C., Seeker, V., Armengol-Estapé, J., Markosyan, A.H., 
Synnaeve, G., Leather, H.: Don’t Transform the Code, Code 
the Transforms: Towards Precise Code Rewriting using LLMs 
(2024). arxiv:2410.08806

taxonomy to structure this diverse landscape, categorizing 
existing works by their Design Philosophy, LLM Method-
ology, Level of Code Abstraction, and specific Task Type. 
Our analysis highlights that LLMs are making significant 
advancements by democratizing compiler development, 
discovering novel optimization strategies, and broadening 
the compiler’s utility to include complex tasks like code 
transpilation and repair. Despite this progress, the field also 
faces critical challenges in ensuring the correctness and ver-
ifiability of generated code, achieving scalability for large-
scale software, and improving model interpretability. By 
systematically categorizing the state-of-the-art and synthe-
sizing its primary advancements and challenges, this survey 
serves as a foundational roadmap for researchers and prac-
titioners navigating this exciting and transformative field.
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